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Objective: This study aims to investigate the relationship between the subjective

performance evaluations on pilot trainees’ aircraft control abilities and their

brainwave dynamics reflected in the results from EEG microstate analysis.

Specifically, we seek to identify correlations between distinct microstate patterns

and each dimension included in the subjective flight control evaluations,

shedding light on the neurophysiological mechanisms underlying aviation

expertise and possible directions for future improvements in pilot training.

Background: Proficiency in aircraft control is crucial for aviation safety and

modern aviation where pilots need to maneuver aircraft through an array of

situations, ranging from routine takeo�s and landings to complex weather

conditions and emergencies. However, the neurophysiological aspects of

aviation expertise remain largely unexplored. This research bridges the gap by

examining the relationship between pilot trainees’ specific brainwave patterns

and their subjective evaluations of flight control levels, o�ering insights into the

cognitive underpinnings of pilot skill e�ciency and development.

Method: EEG microstate analysis was employed to examine the brainwave

dynamics of pilot trainees while they performed aircraft control tasks under a

flight simulator-based pilot training process. Trainees’ control performance was

evaluated by experienced instructors across five dimensions and their EEG data

were analyzed to investigate the associations between the parameters of specific

microstates with successful aircraft control.

Results: The experimental results revealed significant associations between

aircraft control levels and the parameters of distinct EEG microstates.

Notably, these associations varied across control dimensions, highlighting the

multifaceted nature of control proficiency. Noteworthy correlations included

positive correlations between microstate class E and class G with aircraft

control, emphasizing the role of attentional processes, perceptual integration,

working memory, cognitive flexibility, decision-making, and executive control

in aviation expertise. Conversely, negative correlations between microstate

class C and class F with aircraft control indicated links between pilot

trainees’ cognitive control and their control performance on flight tasks.
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FIGURE 4

EEG microstate parameters of each microstate class during three stages: Training, PracticeA, and PracticeB.

3.3 Correlations between expert
evaluations and EEG microstate parameters

As depicted in Figures 5–7, the computed Spearman correlation

results were visualized using heatmaps, where positive and negative

correlations were differentiated with colors. Moreover, correlations

with p-values smaller than 0.05 were considered statistically

significant in our analysis and were denoted with an asterisk
∗ in Figures 5–7. The five aircraft control dimensions included

in the subjective evaluations were denoted as D1 to D5, each

of which captures a distinct aspect of trainees’ behavior and

performance on the given aircraft control tasks. The D1-D5

annotations represent the five aircraft control dimensions within

the subject expert ratings described in Table 1, corresponding to

the “control-roll” dimension, “performance-heading” dimension,

“control pitch” dimension, “performance-altitude” dimension, and

“performance-rate climb/descent” dimension respectively.

The Spearman correlation results between trainees’ subjective

performance valuations and the parameter features extracted from

EEG microstate analysis revealed positive correlations between

class G and all of the five evaluation dimensions as indicated

by the coverage and duration results (Figures 5, 6). To be more

precise, the coverage of microstate class G showed significant

positive correlations with evaluation dimensions including D1

and D4, whereas the duration of microstate class G was

significantly positively correlated with D1, D4, and D5. Even

though the occurrence results of class G didn’t show any significant

correlations (Figure 7), the positive correlations between class G

and the evaluation dimensions D1 and D4 were consistently

supported across the temporal parameters. Moreover, the coverage

and duration of microstate class E both showed significant positive

correlations with two subjectively evaluated dimensions, D1 and

D4 (Figures 5, 6), and the occurrence results also supported the

positive correlations between class E with these two dimensions

with non-significant correlations (Figure 7). As for class D, the only

significant positive correlation was observed between the duration

parameter and evaluation dimension D3 (Figure 6). Meanwhile,

the duration of microstate class A and class B showed consistent

positive correlations across the evaluated dimensions though none

of those correlations were significant (Figure 6).

Besides the positive correlations discussed above, the

correlation results showed significant negative correlations

between the occurrence of microstate class C and dimensions D1,

D4, and D5, as illustrated in Figure 7. Consistently, significant

negative correlations were also observed between dimension

D1 and the other two parameters of class C, namely coverage

and duration (Figures 5, 6). Significant negative correlations

were also observed between the occurrence of microstate class F

and dimensions D3, D4 and D5 (Figure 7). Significant negative

correlations between the coverage of microstate classes C and F

were observed with D1 and D5 (Figure 5). In the meantime, the

correlation results indicated by the two parameters, coverage and

occurrence, revealed consistant negative correlations for both

class C and class F across the evaluated dimensions. Moreover, we

observed consistent negative correlations between two parameters

(coverage and occurence)of microstate classes A and B with most

of the aircraft control dimensions, though most of which were

non-significant (Figures 5, 7). The occurrence of both microstates

class A and class B retained significant negative correlations with

the evaluation dimension D5.

Among the five aircraft control dimensions included in the

subjective evaluations, D1 and D4 exhibited noticeable consistency

in the reported significant correlations across the three types of

microstate parameters extracted from seven microstate classes

(Figures 5–7). In particular, the subjective evaluation dimension

D1 exhibited significant negative correlations with microstate class
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FIGURE 5

Spearman correlation coe�cients between the coverage of seven microstate classes and five aircraft control dimensions. Correlations with p-values

satisfying p ≤ 0.05 are annotated by ∗.

C in all three types of microstate parameters, whereas significant

positive correlations were observed between D1 with microstate

classes D and G in two out of three parameters, namely coverage

and duration (Figures 5, 6). Also, the parameters coverage and

occurrence of microstate class D indicated significant negative

correlations with dimension D1 (Figures 5, 7). Moreover, the

subjective evaluation dimension D4 exhibited significant positive

correlations with microstate classes E and G as indicated in the

parameters coverage and duration (Figures 5, 6).

Moreover, the correlation results also revealed significant

correlations between certain dimensions covered in the subjective

evaluations and one or two parameters of a specificmicrostate class.

More detailed information can be found in (Figures 5–7).

4 Discussions

4.1 Does brainwave dynamics correlate
with subjective evaluations of aircraft
control?

Our research revealed significant correlations between EEG

microstate parameters and expert evaluations of aircraft control

performance in pilot trainees. Both positive and negative

correlations were observed, providing insights into the cognitive

functions involved in pilot training. Specifically, microstate classes

E and G had significant positive correlations with most subjective

control performance dimensions, while microstate classes C and

F showed significant negative correlations. These findings suggest

that different cognitive processes, as indicated by variousmicrostate

classes, play distinct roles in enhancing or impairing control

capabilities during pilot training.

The positive correlation between microstate class E and pilot

trainees’ subjective performance evaluations suggests that the

activation and enhanced engagement of this microstate may be

a key indicator of effective pilot training. The increased presence

of microstate class E indicates better attentional allocation and

integration of sensory inputs, which are essential for achieving

expertise in aircraft control. This is consistent with previous

research linking microstate class E to attentional processes

and perceptual integration (Khanna et al., 2015). Attentional

mechanisms are crucial in monitoring and responding to multiple

sources of information during complex tasks like aircraft control

(Larson and Clayson, 2011; Valéry et al., 2017; Holmes et al.,

2014). Thus, enhanced engagement of the neural configuration

captured by microstate class E likely facilitates efficient information

processing andmotor coordination necessary for successful aircraft

control. Similarly, the positive correlation between microstate class

G and better aircraft control abilities, as reflected in subjective

evaluations, highlights the importance of cognitive processes

associated with decision-making and executive control in aviation.

Microstate class G has been linked to higher-order cognitive

functions such as working memory and cognitive flexibility

(Van de Ville et al., 2010). Effective aircraft control demands
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FIGURE 6

Correlation coe�cients between the duration of seven microstate classes and five aircraft control dimensions. Correlations with p-values satisfying

p ≤ 0.05 are annotated by ∗.

continuous monitoring of various factors, swift decision-making,

and adaptive responses to changing situations. Jia et al. (2021)

found that microstate class G was more prevalent in designers

engaged in internally guided decision-making than in externally

guided decision-making tasks. This suggests that the enhanced

engagement of microstate class G reflects the recruitment of

executive control processes, which facilitate efficient information

processing, strategic planning, and adaptive behavior, ultimately

contributing to superior aircraft control performance.

The negative correlation between microstate class C’s

parameters and pilot trainees’ subjective evaluations may indicate

the involvement of cognitive control processes in aircraft control

tasks. Cognitive control processes, which involve the regulation and

coordination of cognitive functions, such as attention, inhibition,

and working memory, play a critical role in complex tasks like

aircraft control (Niendam et al., 2012; Miller and Cohen, 2001).

Microstate class C, a distinct pattern of synchronous neural activity

observed in EEG recordings, has been reported for both positive

and negative correlations with cognitive control mechanisms as

reviewed in Michel and Koenig (2018). For example, research

has shown that microstate class C is related to the engagement

of cognitive control networks including the prefrontal cortex and

anterior cingulate cortex (Khanna et al., 2015; Milz et al., 2016).

Microstate C has also been found to reflect activities in the default

mode network (DMN) supported by EEG and fMRI evidence

(Xu et al., 2016; Seitzman et al., 2017; Bréchet et al., 2019). From

this standpoint, our results could also support the notion that

microstate class C is negatively correlated to control skills, which

was consistent with the studies suggesting this specific microstate’s

role in reflecting activities in the default mode network (DMN).

Furthermore, the negative correlation between microstate class

F and pilot trainees’ subjective evaluations further emphasizes

the role of the DMN in enhanced aircraft control under the

context of pilot training. Microstate class F has been associated

with the DMN, primarily involving regions such as the medial

prefrontal cortex, posterior cingulate cortex, and angular gyrus

(Khanna et al., 2015; Musso et al., 2010; Van de Ville et al., 2010).

The DMN is a network of brain regions that is active during

internally focused, self-referential, and mind-wandering states,

and it becomes suppressed during goal-directed tasks (Dohmatob

et al., 2020; Carhart-Harris and Friston, 2010). Our results may

indicate the negative associations between DMN and better aircraft

control performance.

In summary, the aforementioned correlations observed

between certain microstate classes and pilot trainees’ subjective

evaluations of their training performance provide insights into

the neural underpinnings of skilled aircraft control. In particular,

the observed negative correlations between the parameters of

microstate class C and class F with subjective performance

evaluations suggest that an inefficient suppression or interference

from the DMN during task execution might impede trainees’

ability to maintain focused attention and cognitive resources

on the aviation control tasks at hand. Our findings align with

previous research demonstrating that excessive activation or
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FIGURE 7

Correlation coe�cients between the occurrence of seven microstate classes and five aircraft control dimensions. Correlations with p-values

satisfying p ≤ 0.05 are annotated by ∗.

inefficient suppression of the DMN is associated with poorer

task performance across various domains (Anticevic et al., 2012;

Duan et al., 2012; Harrison et al., 2011). In the meantime, we

also observed the positive correlations between the parameters

of microstate class E and class G with pilot trainees’ subjective

performance evaluations. As indicated by our experimental

results, there might exist positive associations between aircraft

control expertise and several cognitive aspects like attentional

processes, perceptual integration, working memory, cognitive

flexibility, and executive control, which could be considered to

improve the current pilot training efficiency. Further research is

needed to elucidate the precise mechanisms through which these

microstates influence pilot performance and explore their potential

applications in training and optimizing aviation expertise.

4.2 What added value does brainwave
dynamics bring for a more accurate and
comprehensive pilot performance
evaluation?

The integration of neuroscientific evidence from EEG analysis

allows for a detailed understanding, confirmation, and calibration

of the interrelationships among various assessment dimensions

included in current evaluation systems. For instance, D3 (control-

pitch) and D5 (performance-rate climb/descent) show positive

correlations with the duration parameter across the seven

microstate classes whereas these two dimensions also indicated

consistent negative correlations with the occurrence parameter

across most of the computed microstates. This neuroscientific

evidence aligns with the inherently connected relationship between

D3 (pitch control) and D5 (rate of climb/descent) from the

instructors’ standpoint where D3 control enables the performance

of D5, and could serve as the validation for each other. To achieve

a good rate of climb or descent, effective pitch control is essential.

This interrelationship can be seen as analogous to the relationship

between a root cause (D3) and its symptom (D5). Good pitch

control is fundamental to ensuring a proper rate of climb or

descent, which is why these two elements are deeply interrelated

for a practical understanding of vertical control in aviation. In

the meantime, D1 (control-roll) and D4 (performance-altitude)

exhibit significant correlations with several microstates across

parameters, suggesting that those two dimensions could serve as

holistic measures of trainees’ aircraft control abilities. Dimensions

D1 and D4 were not only involved in the aforementioned

significant positive correlations with microstate classes like E

and G, but also indicated significant negative correlations with

microstate classes C and F as discussed. Emphasizing such

dimensions in future performance evaluations may provide a more

accurate and comprehensive assessment of a pilot’s cognitive and

control capabilities.

Moreover, advanced EEG analysis techniques provide an

objective reflection of trainees’ cognitive states, which could
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be integrated into the evaluation protocol to improve accuracy

and reliability. This precision ensures that training feedback

incorporates objective data alongside traditional performance

metrics, providing a richer understanding of trainee behavior

and performance. For example, we may also infer from the

microstate-based similarities observed between dimensions D3

and D5 that both dimensions reflect the continuous involvement

of visual and attentional resources under flight tasks alongside

the aforementioned alignment. Evidence from EEG microstates

reveals the shared cognitive and neural mechanisms underlying

these dimensions, adding extra angles to instructors’ understanding

of the trainees’ cognitive states during the training process.

The involvements of microstate classes A and B highlight

the visual monitoring and information processing consistently

required for both pitch control and assessing the rate of

climb or descent during flight tasks. Also, the activation of

microstate class G underscores the importance of attentional

control in executing precise pitch adjustments and maintaining

the desired vertical trajectory. Another example is the significant

positive correlations observed between microstate class G and

multiple dimensions (D1, D4 in both coverage and duration,

and D5 only in duration), indicating its critical role in

reflecting cognitive abilities under aircraft control tasks. Further

investigations into this microstate could contribute to a better

understanding of a pilot’s cognitive changes throughout the

training program. Such a holistic approach addresses both cognitive

and physical aspects of performance, leading to more effective

training outcomes.

Our experimental results provide insights into integrating

advanced analytical techniques with subjective and objective

evaluations for a more comprehensive, efficient, and effective

approach to assessing pilots’ aircraft control abilities. These

scores can be weighted to reflect the relative importance

of each dimension based on empirical data from microstate

correlations, while subjective evaluations and feedback from

instructors remain crucial and should be integrated recursively

with objective assessments. This ensures a holistic approach,

as instructors can provide nuanced insights that may not be

captured through objective measures alone. The continuous

interplay between subjective and objective evaluations enriches the

training process, offering a complete understanding of a trainee’s

performance and cognitive state. Following our discussions on

the consistent correlations between D1 and D4 with various

microstate classes, we observed similarities between three of

the evaluated performance dimensions, namely D1, D2, and

D4 considering both significant and non-significant correlations.

Therefore, grouping some of these dimensions under the umbrella

of vertical control seems logical from both an evaluative and

a neurocognitive standpoint, as they share common underlying

cognitive processes. However, breaking them down into separate

components provides the necessary granularity to assess each

aspect individually, thereby facilitating a more comprehensive

evaluation and targeted interventions. That is to say, combining

and balancing subjective feedback and objective measures is key

to achieving greater efficiency and effectiveness in pilot training,

allowing formore precise, adaptable training programs that address

individual needs while leveraging empirical data to optimize

learning outcomes. We aim to optimize the pilot evaluation

protocol by integrating advanced analytical techniques to ensure a

more targeted, accurate, and holistic approach to evaluating pilots’

aircraft control skills.

4.3 How to enable adaptive and
personalized training by utilizing brainwave
dynamics?

The integration of EEG data allows for detailed feedback

on specific cognitive functions associated with different training

tasks, benefiting both pilot instructors and trainees by providing a

clearer understanding of trainees’ cognitive control, engagement,

and workload. By combining objective and subjective feedback,

training programs can be tailored to address individual trainees’

specific cognitive status and aircraft control skills. For example,

trainees exhibiting higher levels of microstate class C can receive

additional training focused on maintaining engagement and

increasing cognitive control abilities. In this way, the EEG-

enabled individualized approach ensures that training programs

are adjusted to each trainee’s cognitive states and control levels,

enhancing the overall training effect. Personalized training plans

and materials can also help minimize cognitive overload and

improve training effectiveness.

Additionally, we aim to incorporate real-time EEG microstate

analysis into the evaluation protocol in our future work, allowing

continuous monitoring of trainees’ cognitive states throughout the

training process. This integration can provide immediate feedback

and enable dynamic adjustments to training programs based

on real-time data. By adapting training programs to individual

trainees’ cognitive profiles, training efficiency, and effectiveness

can be enhanced without overwhelming instructors with extra

task loads. When training instructors detect EEG-based signs of

cognitive overload or disengagement in their trainees, they can

provide personalized and timely interventions to improve learning

efficiency. Furthermore, continuous validation and refinement

of training protocols based on empirical EEG data ensure the

effectiveness of the trainingmaterials and program settings. Regular

updates based on the latest research findings can further enhance

the accuracy and reliability of evaluations, leading to a more

efficient and effective training process.

In summary, the research findings presented in this project

highlight the potential for improving pilot training processes

by integrating advanced EEG analytical techniques into pilot

evaluations. These techniques can objectively reflect trainees’

cognitive states, enhancing the accuracy and reliability of

evaluations. Incorporating real-time EEG microstate analysis for

continuous monitoring and adaptive training programs can enable

personalized training and timely interventions. Considering the

practical aspects of obtaining EEG information and deriving

microstates under a pilot training process, we will continue to

explore less invasive alternatives while current EEG methodologies

are indeed intrusive. Our future research will continue to

refine the microstate features to develop a metric that is more

readable and user-friendly for instructors. This will facilitate

easier integration into existing training protocols without adding
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significant operational complexity, ultimately improving the

effectiveness and efficiency of pilot training.

5 Limitations and future work

The present research has some limitations that need to be

carefully considered in our future work. Firstly, one limitation of

this study is the lack of behavioral analysis of trainees’ learning

behaviors recorded by cameras. This limitation arises mainly due

to the subjectivity involved in behavior analysis. Recognizing

the importance of integrating such behavioral analysis into our

research, we consider it as one of our future directions to

complement the results obtained from physiological measures

and subjective assessments. Another limitation lies in the lack

of direct analysis of the objective results recorded by the

simulator, although the objective aspect has been considered

for the generation of expert evaluations. Our expert ratings

were based on time-series visualization of aircraft heading,

angle of bank, altitude, pitch angle, vertical speed, and control

movements. And results presented in Jennings et al. (2024) also

demonstrated that the objective performance metrics from our

dataset are proportional to those objective expert evaluations.

As this research highlights the common utilization of subjective

evaluations in practical pilot training processes, we will include

the analysis of objective performances in our future work without

distracting readers’ attention from the EEG-based insight into

current pilot training protocols. Additionally, the study primarily

focuses on pilot trainees, which may limit the applicability

of the findings to experienced pilots or aviation professionals.

Therefore, we plan to expand the dataset in our future research

by including larger datasets and more diverse participant groups,

including both novices and experienced pilots, to enhance the

generalizability of the findings. However, this may enhance the

potential generalizability of the current study to other training

or learning processes. Furthermore, it is worth noting that the

research primarily relies on EEG-based analysis, which offers a

high temporal resolution but may lack spatial specificity. In our

future work, we will continue to incorporate other techniques such

as ECG and GSR through wearable devices. These methods will

allow for more practical and naturalistic assessments of cognitive

control, complementing the advantages of EEG in real-world pilot

training scenarios as reported in Darvishi-Bayazi et al. (2023) and

Ruiz-Segura et al. (2024).

6 Conclusion

In conclusion, this research investigates the correlations

between pilot trainees’ subjective performance evaluations and

their brainwave dynamics during a pilot training process, as

revealed through EEG microstate analysis. The experimental

results showed significant associations between the temporal

parameters of a few specific microstates and the aircraft control

performance dimensions included in the subjective evaluations,

highlighting the multidimensional nature of aircraft control

proficiency. To be more precise, the observed positive correlations

between subjective performance evaluations with microstate class

E and class G reflected the involvement of attentional processes,

perceptual integration, working memory, and executive control

in skilled aircraft control in the context of pilot training. On

the other hand, the observed negative correlations between

subjective performance evaluations with microstate class C and

class F suggest the associations between decreased default mode

network (DMN) in pilot trainees and their aircraft control

abilities expected to be achieved at the end of a pilot training

process. These results provide neurophysiological markers that

could be employed in designing targeted training programs

and interventions to optimize the training efficiency in aviation

control skills. Additionally, the research highlights the potential

of using EEG microstate analysis as a non-invasive and cost-

effective tool to objectively assess trainees’ cognitive states,

enhancing the accuracy and reliability of evaluations. Overall,

our research findings could not only provide implications

for cognitive neuroscience and human factors in aviation

expertise but also inspire further exploration and applications

in improving the efficiency and effectiveness of pilot training

programs.
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